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ClusteringSurgical Process Modelling (SPM) was introduced to improve understanding the different parameters that
inﬂuence the performance of a Surgical Process (SP). Data acquired from SPM methodology is enormous
and complex. Several analysis methods based on comparison or classiﬁcation of Surgical Process Models
(SPMs) have previously been proposed. Such methods compare a set of SPMs to highlight speciﬁc param-
eters explaining differences between populations of patients, surgeons or systems. In this study, proce-
dures performed at three different international University hospitals were compared using SPM
methodology based on a similarity metric focusing on the sequence of activities occurring during surgery.
The proposed approach is based on Dynamic Time Warping (DTW) algorithm combined with a clustering
algorithm. SPMs of 41 Anterior Cervical Discectomy (ACD) surgeries were acquired at three Neurosurgical
departments; in France, Germany, and Canada. The proposed approach distinguished the different surgi-
cal behaviors according to the location where surgery was performed as well as between the categorized
surgical experience of individual surgeons. We also propose the use of Multidimensional Scaling to
induce a new space of representation of the sequences of activities. The approach was compared to a
time-based approach (e.g. duration of surgeries) and has been shown to be more precise. We also discuss
the integration of other criteria in order to better understand what inﬂuences the way the surgeries are
performed. This ﬁrst multi-site study represents an important step towards the creation of robust anal-
ysis tools for processing SPMs. It opens new perspectives for the assessment of surgical approaches, tools
or systems as well as objective assessment and comparison of surgeon’s expertise.
 2013 Elsevier Inc. All rights reserved.1. Introduction
The concept of decomposing a surgical process into a sequence
of tasks was ﬁrst presented by MacKenzie et al. [1] and Jannin et al.
[2] who introduced the concept of Surgical Process Modelling
(SPM). SPM allows description of a surgical intervention using a
formal and structured language to model a Surgical Process (SP).
Thus, SPMs represent SPs which are formalized as symbolic struc-
tured descriptions of surgical interventions using a pre-deﬁned le-
vel of granularity and a dedicated terminology [3,4].The development of SPM involves three major processes: mod-
elling, acquisition and analysis [4]. The modelling describes the
work-domain of the study and its formalism, i.e. what is studied
and what is modelled. The level of granularity is deﬁned according
to the level of abstraction for describing a surgical procedure. The
acquisition describes the collection of data on which the models
are built, this step being performed by human observations [2–4]
or sensor systems [5]. The analysis process links acquired data to
the studied modelled information. Analysis methods can be di-
vided into three types: methods to create an individual model
(iSPM), methods that aggregate/fuse information, and the methods
that classify/compare data for extracting a speciﬁc parameter.
The methods that help creating individual models are charac-
terized by the levels of granularity of the acquired information
and of the modelling. Top-down approaches are described as
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patient-speciﬁc information and a description of high-level tasks
(such as phases or steps) to ﬁne-coarse details (such as activities
or motions). On the contrary, a bottom-up approach takes as input
low-level information from sensor devices and tries to extract
semantic high-level information. From the large number of papers
published in this category, input data coming from videos [6–10]
or tracking systems [11,12] have been of increased attention.
The goal of aggregation/fusion methods is to create a global
model (gSPM) of a speciﬁc procedure by merging a set of SPMs.
One approach is to merge similar paths as well as to ﬁlter infre-
quent ones to create average SPMs [13]. This may provide a global
overview of the surgical practice. Another approach is to create
gSPMs that represent all possible transitions within SPMs. A step
of synchronization may be necessary for both approaches in order
to be able to merge all SPMs. For such purpose, probabilistic anal-
ysis have been used [7].
Finally, the principle of comparison/classiﬁcation methods is to
use SPMs to highlight a speciﬁc parameter (i.e. meta-information)
that explains differences between populations of patients, sur-
geons or systems. Two main applications have been considered:
comparison of surgical tools/approaches/systems and objective
evaluation of surgical skills. For both, different approaches have
been employed. For quantitatively describing the similarities
among multiple SPMs, similarity metrics were developed.
Time was the ﬁrst information chosen to evaluate surgical sys-
tems, tools, approaches or assess surgeons skills [14,15]. Many
clinical studies adopted the principle of time-motion analysis in
the early 90s using off-line observer-based videos recording (in-
stalled in the OR, surgeons’ head mounted, or in the operating
ﬁeld) [16]. Information regarding phases/steps/activities was then
processed through simple statistical analysis such as average,
number of occurrence or standard deviation [17–23]. The principle
of time-motion analysis was later used by Riffaud et al. [24] but
with on-line (i.e. live) SPM acquisition to compare expertise of sur-
geons. Different metrics were used: the operating time for the
whole procedure and for each step, the number of activities per-
formed with either the right or the left hand, the number of
changes in microscope position, and the number of gestures per-
formed by the surgeon (instruments used and anatomical structure
treated). Furthermore, a set of similarity metrics has been recently
proposed by Neumuth et al. [25] to compare different SPMs. In par-
ticular, the similarity of granularity, the content similarity, the
temporal similarity, the transitional similarity and the transition
frequency similarity were deﬁned, each of them representing dif-
ferent aspects of SPMs. Classiﬁcation focusing on the sequential as-
pect of SPMs was studied by Forestier et al. [26], where Dynamic
Time Warping (DTW) along with K-Nearest Neighbour (KNN) algo-
rithm were used for evaluating surgical skills over a population of
surgeons. This method focuses on the different types of activities
performed during surgery and their sequencing, by minimizing
time differences. For example, if two sequences are composed of
the same set of actions in the same order, they will be considered
as identical even if they do not last the same amount of time. This
approach turned out to be a complementary approach to the clas-
sical methods that only focus on differences in the time and the
number of activities.
In this study, the surgical practice at three different institutions
is studied with SPM methodology based on a comparison/classiﬁ-
cation analysis method, using on-line observer-based recordings
of surgical processes, modelled by SPMs. For this study, we fol-
lowed the methodology described in [26]. Additionally, a matching
process was introduced to make the link between terminologies. It
allowed comparing SPMs acquired at different sites. 41 surgeries of
anterior cervical discectomy (ACD) SPMs were acquired at the Neu-
rosurgery departments of the Rennes University Hospital (France),the Leipzig University Hospital (Germany), and the Montreal Neu-
rological Institute University Hospital (Canada). SPMs performed at
different sites were classiﬁed using a similarity metric based on
sequencing to 1) distinguish the different surgical behaviors
according to the location where surgery was performed, and 2)
establish a detailed classiﬁcation of SPMs according to the level
of surgical expertise of the surgeon performing the surgical proce-
dure. Neurosurgery is among the riskiest and most important sur-
geries that is performed today. The complexities involved in the OR
on the human brain mean that the initial training of a neurosur-
geon requires extensive one-on-one instruction from a senior neu-
rosurgeon. After that initial training, neurosurgeons still require
several further years of experience to themselves reach a senior le-
vel. Consequently, comparing the way surgery is performed
throughout a population of surgeons in several location increases
the understanding of the complexity of the ﬁeld of surgery. Thus,
the main goal of this paper is to present how a proposed metric
can be used to compare SPMs in order to create groups of similar
surgical behaviors that can be explained by external parameters,
in this paper the location and the expertise of the surgeons.
We also propose the use of Multidimensional Scaling (MDS) to
induce a new space of representation of the sequences of activities.
Indeed, the similarity computed using DTW is complex and does
not allow to easily display the surgeries for visual assessment.
Using MDS allows us to plunge the surgeries on 2D Euclidean
space, allowing to easily assess the similarity between them.2. Methods
2.1. Surgical Process Model (SPM) as sequence of activities
A Surgical Process Model (SPM) can be seen in the real world as
a sequence of ﬂow objects [27]. According to the Workﬂow Man-
agement Coalition (WFMC) terminology [28], ﬂow objects repre-
senting surgical work steps were named as activities aci and a
set of activities as AC with aci 2 AC (aci being the ith activity). Each
activity in a SPM corresponds to a surgical work step, which con-
tains several kinds of information. Thus, an activity aci is deﬁned
as a triple:
aci ¼ ha; s; ii a 2 A; s 2 S; i 2 Imi ð1Þ
with A the set of possible actions (e.g. {cut, remove, . . .}), S the set of
possible anatomical structures (e.g. {skin, dura matter, . . .}), I the set
of possible instruments (e.g. {scalpel, scissors, . . .}) andmi the number
of instruments used in the activity aci. An example of one complete
activity could be: hcut,skin,scalpeli. Thus, the domain of deﬁnition of
an activity is given by: A S  Imi . These sets of possible values are
generally speciﬁc to the type of studied surgery. Let T ¼ fA;S; Ig be
the terminology used to describe a speciﬁc set of SPMs. We address
the problem of heterogeneity among these sets on data acquired on
different sites, in the next section. Indeed, each site has generally its
own terminology T . An ontology can be used to describe the vocab-
ulary for a speciﬁc type of surgery [2,4,29].
Along with the information of the action (a), the anatomical
structure (s) and the used instrument-s (i), each activity has a
starting point (start(aci)) and a stopping point (stop(aci)) which
respectively correspond to the time point when the activity
started and the time point when the activity stopped
ðstartðÞ ! R; stopðÞ ! RÞ on the timeline of the surgeries. Note
that start(aci) < stop(aci), induces a partial order among the activi-
ties. The last information carried on the activity is the hand used to
perform the activity (hand(aci)) which can either be right or left.
A Surgical Process Model can be seen as a sequence of activities
(spk) performed during surgery. Each activity of this sequence
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surgery ðACkÞ:
spmk ¼ hacðkÞ1 ;acðkÞ2 ; . . . ;acðkÞnk ijac
ðkÞ
i 2 ACk ð2Þ
We proposed in our previous work [26] to use the Dynamic Time
Warping (DTW) algorithm [30] to compare SPMs. DTW is based
on the Levenshtein distance (or edit distance), and was originally
used for applications in speech recognition. It ﬁnds the optimal
alignment between two sequences, and captures ﬂexible similari-
ties by aligning the two sequences. In order to use DTW to compare
two sequences, a distance was deﬁned to evaluate the similarity be-
tween the different elements composing the sequence. This ap-
proach allows us to compare surgeries according to the activities
performed and their sequencing in the timeline. Note that the cost
of the alignment can be seen as a dissimilarity measure but is not a
distance as DTW is a semi-pseudometrics. The term distance is used
here as an abuse of language.
2.2. Dealing with terms heterogeneity
One of the main problems, when comparing data acquired at
different contexts (e.g. different sites), is the heterogeneity within
the data. There are several sources of heterogeneity, which lead to
bias in the data acquisition step, such as the expertise of the sur-
geon performing the acquisition (named the operator), the error
in the acquisition, or the precision of the data. This bias are heavily
reduced by the use of a common software for the acquisition. Fur-
thermore, recent work [31] showed that the bias due to the oper-
ator is limited. However, another source of heterogeneity is the use
of a different terminology to describe the activities performed dur-
ing the surgeries. Indeed, depending of the parameters of the SPM
acquisition software, the operator can use different terminologies
(i.e. list of words describing action, anatomical structures and
instruments). In this study, to compare surgeries performed at
three different sites (Rennes, Leipzig and Montreal), the terminol-
ogies used in the different sites were checked for differences and
similarities. Since the approach used [26] is based on binary com-
parison of the components of the activities (action, anatomical
structure and instrument), even a slight difference in the used
terms leads to different evaluation of the similarity. For example,
the terms scalpel and surgicalKnife would be considered as
different, even if they share the same meaning. Furthermore, even
the terms scalpel and myScalpelwould be considered as differ-
ent. Consequently, if the used terminology is different according to
the sites, the comparison is meaningless.
To solve this problem, one solution is to use an ontology as ref-
erence. An ontology is deﬁned as an explicit formal speciﬁcation of
a shared conceptualization [32]. According to different level of
explicitness, an ontology can be a full description of a domain
using complex axioms and taxonomy [33], or as a simple catalog
of normalized terms composing a vocabulary [34,35]. The knowl-
edge stored in an ontology can be used to solve disambiguation
[36] as the synonyms of different words can be represented. How-
ever, even if some well established resources exist in speciﬁc do-
mains (e.g. anatomy with the FMA [33]), they are not easily
applied for surgical instruments and surgical actions. Indeed, some
work has been carried out to use ontological engineering [37,38] to
formalized surgical knowledge, but no recent initiatives exist.
In order to evaluate the heterogeneity of the terms used in Re-
nnes, Leipzig, and Montreal, the terminologies used at each site
were compared. Each location was anonymously given a letter,
i.e. Site A, Site B and Site C without providing the identifying key.
Thus, the set of terms used in the three sites are T A; T B and T C .
The results of this comparison showed that the terminologies used
in the recording of site A and site C were highly similar, more than90% ðT A \ T CÞ of the words used for the actions ðAÞ, anatomical
structure ðSÞ and instruments ðIÞ were similar. However, the ter-
minology used for site B ðT BÞ was very different with less than
50% of similarity with sites A and C.
Consequently, the terms used in sites A and C were manually
matched with the terms used in site B by an expert surgeon. This
matching contains simple correspondence (suctiontip [ suc-
tiontube) to more complex ones (tie[ sew). Using this knowl-
edge, a functionUwhich converts the terminology used in site B to
the terminology used in sites A/C was deﬁned. This function was
applied to the SPMs acquired in site B leading to 9282 transforma-
tions (i.e. switch from one term to another). These transformations
allowed to fairly compare the SPMs. The U function was applied to
site B data before performing binary comparison of the activities
between SPMs performed in site B and sites A/C which reduces
heavily the bias due to the use of different terminologies.
2.3. Analysis using hierarchical clustering
Clustering [39] is the automatic assignment of a set of objects
into subsets (called clusters) so that objects in the same cluster
are similar to some extent. This approach was applied to automat-
ically create clusters of similar surgeries. DTW is the similarity
measure used to compare the SPMs [26]. This approach allows
comparing surgeries according to the different activities performed
by the surgeon and their sequencing in the surgery timeline.
Hierarchical clustering is a method of cluster analysis, which
seeks at building a hierarchy of clusters. Starting with the objects,
the clusters are created iteratively by merging the twomost similar
clusters. Different criteria exist to choose the clusters to merge. The
average-link approach [40] was used, consisting in evaluating the
similarity of two clusters according to the average distance be-
tween all couple of objects in the two clusters. Thus, the distance
between two clusters Ci and Cj composed of SPMs, is deﬁned as:
dðCi;CjÞ ¼ 1jCikCjj
XjCi j
k¼1
XjCj j
l¼1
dðspmk; spmlÞ ð3Þ
where jCj is the cardinality of the cluster (i.e. the number of SPMs in
the cluster). Hierarchical clustering approaches are known to be
computationally expensive. However, as the number of data we
manipulated was limited, using this kind of approach was tractable
(e.g. less than 10 s of computation time for one clustering of the
data, a few minutes to compute the distance matrix). The aver-
age-link approach was selected for its low sensibility to noise and
outliers.
A dendrogram, which is a tree diagram used to illustrate the
arrangement of the clusters produced by hierarchical clustering,
was a useful tool to carry out a multi-level study. Indeed, by cut-
ting the dendrogram at different levels, the clustering results can
be analyzed in details and can exhibit different patterns across
the cuts.
2.4. Data
Experiments were performed on one-level anterior cervical
discectomy (ACD) surgeries. During this procedure, a cervical disc
can be removed through an anterior approach. This means that
surgery is done through the front of the neck as opposed to the
back of the neck. A 1-level ACD surgical procedure can be decom-
posed into four major phases, whereas a ﬁfth one may be neces-
sary. These four phases are: the approach, the discectomy, the
arthrodesis, and the closure phases. An additional phase of hemos-
tasis may be mandatory in certain cases. The Fig. 1 presents an in-
dex-plot [26] representing the activities performed by the surgeon
using the right hand for one surgery. It also presents the different
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using the Surgical workﬂow Editor [41] resulting in the creation of
41 XML ﬁles containing the sequence of activities of each surgery.
The Fig. 2 illustrates the recording of the data in the OR. Surgeries
were performed at the Neurosurgery departments of: (1) the Re-
nnes University Hospital, France, (2) the Leipzig University Hospi-
tal, Germany, and (3) the Montreal Neurological Institute and
Hospital, McGill University, Canada. Among the 41 surgeries, 11
were performed at site A, 18 were performed at site C, and 12 at
site B. According to level of expertise of the attending surgeon, site
C had two expert and two intermediate surgeons participating in
the study, site A had one intermediate and three expert surgeons
participating, while in site B, all participating surgeons were con-
sidered to be expert surgeons. Expert surgeons were deﬁned as
those who already performed more than 200 ACD surgeries,
whereas intermediate surgeons were fully trained neurosurgeons
but who performed less than 100 ACD procedures. SPMs were ac-
quired on-line by the same operator (an expert neurosurgeon) in
site A and site C, whereas SPMs of site B were acquired by an inter-
mediate surgeon, both having the same training on the software.3. Results
3.1. Dendrogram analysis
The 41 surgeries composing our dataset (Section 2.4) were pro-
cessed using hierarchical clustering (Section 2.3) using the Matlab
software. The Fig. 3 presents the dendrogram for the clustering of
the surgeries. The x labels indicates the location of the acquisition
(A; site A, B: site B, C: site C), the index of the surgeon (1 to 11) and
its level of expertise (E: Expert, I: Intermediate). The Table 1 pre-
sents the information for each surgeon involved in the study and
the Table 2 the information on the patients.
At the ﬁrst level of the study, the dendrogram can be divided to
create three clusters C1, C2 and C3 (highlighted in blue, green and
red on the ﬁgure). One can observe that different surgical behav-
iors can be identiﬁed according to the location where surgery
was performed. Indeed, the blue cluster (C1) contains 95% of the
surgeries performed in site C, the green cluster (C2) contains
100% of the surgeries performed in site A, and the red clusterFig. 2. Illustration of the on-line recordin
Fig. 1. Example of one sequence used in this study. Each color corresponds to a different
phases are determined by the operator during the acquisition of the data.(C3) contains 100% of the surgeries performed in site B. This ﬁrst re-
sult showed differences in this same surgery performed at the
three sites. Furthermore, the size of the link between clusters in
the dendrogram is proportional to the distance between the clus-
ters, which suggests that the surgical behavior of site C and site
A in the dataset are more similar in behavior than site B.
At a second level of the study, three sub-clusters were identiﬁed
within the blue cluster ðC1Þ : Cð1Þ1 ;Cð2Þ1 and Cð3Þ1 . The ﬁrst one Cð1Þ1
 
contains 6 expert surgeons (100%). The second one Cð2Þ1
 
contains
3 intermediate surgeons (100%). The third one Cð3Þ1
 
contains 6 ex-
pert surgeons (86%) and one intermediate surgeon. The remaining
three surgeries being mixed up. This result shown that our ap-
proach was able to identify different surgical behaviors between
expert and intermediate surgeons. Indeed, the surgeries performed
by expert surgeons seem more similar to each other than surgeries
performed by intermediate as they are clustered together. This can
be explained by the experience gained during the formation and
the career of a surgeon. Furthermore, if we go even further by
observing how surgeries from the same surgeon were clustered,
we can observe that most of the time, they are clustered together.
For example, the cluster Cð1Þ1 of six experts is composed of ﬁve sur-
geries out of six (83%) performed by the 9th surgeon. In the cluster
Cð2Þ1 ;100% of surgeries were performed by the 11th surgeon. And in
the cluster Cð3Þ1 ﬁve out of seven surgeries (71%) were performed by
the 8th surgeon. These results highlighted that each surgeon had
his own behavior, and that our approach was able to identify them
by clustering together surgeries performed by the same surgeon.
An interesting fact to notice is that the cluster Cð1Þ1 containing ex-
pert surgeons and the cluster Cð2Þ1 containing intermediate sur-
geons were merged together in the hierarchy before merging
with the cluster Cð3Þ1 containing mainly expert surgeons. It means
that the behavior of intermediate surgeon 11th is closer in the
way he operated to a certain group of experts than the behavior
of the two groups of experts. It can be explained by the fact that
the intermediate surgeon 11th present in the cluster Cð2Þ1 was
trained by the expert surgeon 9th present in Cð2Þ1 . The approach
used in this study was consequently able to identify similarity ing of the data in the operating room.
activity. The different phases of the surgery are displayed above the sequence. The
Fig. 3. Dendrogram representing the hierarchical clustering of the sequence of activities performed during 41 surgeries. For each surgery, the site (A, B, C), the surgeon id (1–
11) and the level of expertise (Expert (E), Intermediate (I)) is mentioned on the top of the sequence of activities.
Fig. 4. Mean duration of the surgeries in the three sites (a) and between expert (Exp) and intermediate (Int) surgeons in site C (b) and A (c).
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transposition of surgical skills.
This second-level analysis can also be performed within cluster
C2 (in green in the Fig. 4). Three sub-clusters can be identiﬁed
Cð1Þ2 ; C
ð2Þ
2 ;C
ð3Þ
2 . The ﬁrst one C
ð1Þ
2
 
contains 100% of expert surgeons,
the second Cð2Þ2
 
and third one Cð3Þ2
 
contains both 100% of expertsurgeons. Once again, surgeries performed by the same surgeon are
clustered together (i.e. all surgeries of Cð1Þ2 were performed by the
1st surgeon, all surgeries of Cð2Þ2 were performed by the 2
nd surgeon
and all surgeries of Cð3Þ2 were performed by the 4th surgeon).
This second-level analysis is less conclusive in the C3 as no clear
sub-clusters emerged. This can be attributed to the comparable
Table 1
List of the surgeons involved in the study.
Surgeon ID Expertise Location
1 Intermediate Site A
2 Expert Site A
3 Expert Site A
4 Expert Site A
5 Expert Site B
6 Expert Site B
7 Expert Site B
8 Expert Site C
9 Expert Site C
10 Intermediate Site C
11 Intermediate Site C
Table 2
List of the patients involved in the study with sex and age. Missing values are
represented by a ‘‘–’’ sign.
Patient ID Sex Age Patient ID Sex Age
1 F 37 2 – –
3 F 54 4 M 47
5 M 32 6 F –
7 M 54 8 M 43
9 F 35 10 F 38
11 M 51 12 M 36
13 F 76 14 F 34
15 F 47 16 M 51
17 F 81 18 F 50
19 F 73 20 M 66
21 F 70 22 M 66
23 M 66 24 M 55
25 M 48 26 M 50
27 M 37 28 M 58
29 M 53 30 F 53
31 F 48 32 – –
33 – – 34 F 37
35 F 60 36 F 41
37 M 46 38 – 46
39 – – 40 M 60
41 F 56
Fig. 5. Results of the Multidimensional Scaling on 2 Dimension using the similarity
matrix of the surgeries.
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reason why surgeries from the same surgeon were clustered
together, could be due to the complexity of the data, as the SPMs
recorded at site B were longer, and were consequently prone to
error in comparison. While these errors were not of great impact
on analyzing the dataset at a coarse level (multi-site), they can
have much weight in identifying ﬁner grain differences between
surgeries performed locally in site B.3.2. Multidimensional scaling
The approach proposed in this paper allows us to compute a
similarity measure between sequences of activities performed
during surgery. Thus, we are able to compute a N  N similarity
matrix representing the similarity of N given surgeries according
to each others. This similarity matrix was used in the previous sec-
tion to perform a clustering of the surgeries using hierarchical clus-
tering. However, it is often convenient to have a way to display the
data in low dimension space in order to have a clear and simple
grasp of the distribution of the data objects. The similarity
provided using DTW induces a complex space of representation
as it is based on a warping of the time scale.
In order to ﬁnd a simpler space of representation, we propose to
use Multidimensional Scaling (MDS) [42] to display the sequences
in a 2D Euclidean space. Multidimensional Scaling is a set of statis-
tical tools which takes as input an item-item matrix of similarity
and provides as output a location of each item in a M-dimensional
space (M being chosen as parameter). The basic idea is to optimizethe locations of the items in the new space so that they respect the
best the constraints represented by the similarity matrix.
In this work, we used non-metric mutidimensioanl scaling [43]
to ﬁnd a non-parametric monotonic relationship between the dis-
similarities, as DTW is semi-pseudometric and not a distance. The
Fig. 5 displays on two dimensions the results of the application of
MDS on the similarity matrix computed on our data (we used the R
package isoMDS). Each point represents one sequence of activities
of a surgery. The colors correspond to the different sites where the
surgeries were performed. Even if reducing the complexity of a se-
quence of activities to single point is challenging, some observa-
tions can still be made from this display. For example, one can
observe that points (i.e surgeries) from the same location are close
to each-other. One can also see that the points of Site A and the
points of Site C are closer to each other than the points of site B.
This observation backs up the results obtained from the clustering
results (see Section 3.1). Furthermore, the points of site A and C
seems more compact than site B, results also observed on the clus-
tering result.
This display is a way to easily represent the information and to
observe a set of surgeries according to the similarity to each others.
An important point to notice is that the coordinates of each surgery
is computed according to the similarities to all the other surgeries.
Consequently, these coordinates are relative values and not abso-
lute values. If we select one of the surgery and put it within an-
other set of surgeries, its coordinates would have been different.
Finally, it would also be possible to apply data mining approaches
in this newly created data space instead of using the similarity ma-
trix. However, as this visualization can be seen as a heavy features
reduction, it does not grasp the whole complexity of the sequences.4. Discussion
4.1. Duration of surgeries
The approach used in this paper focused on comparing surgeries
based on the different actions performed by the surgeon during
surgery and their sequencing. By using Dynamic Time Warping
(DTW), we reduced the importance of duration. If two surgeries
were composed of exactly the same activities in the same order,
DTW disregards the fact that they might not have last the same
amount of time. This positioning was made since there is not al-
ways a correlation between surgical behaviors and duration of
the surgeries. Indeed, several factors can be taken into account, like
the complexity of the disease, the extent of the disease, the demo-
graphic characteristic of the patient, and so on. Considering such
factor, the importance of time was reduced, and more focus was gi-
ven to the actions performed by the surgeons. However, this could
be counter intuitive. For example, in Fig. 4, one can observe on the
bottom of the ﬁgure, the sequence of activities performed by the
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ity, the height of the index-plot being proportional to the total
duration of the surgery. From this ﬁgure, one can see that surgeries
recorded in site B last much longer than surgeries performed in site
A and site C. It could therefore be tempting to base the analysis on
the total duration of the surgery. The Fig. 4a presents box-plots
representing the distribution of the mean duration of surgeries
according to each site. As foreseen from the Fig. 4, there are differ-
ences in total duration between the three sites. The durations were
dramatically shorter in site C, while they were much longer in sites
A and B (p = 0.709).
In a ﬁner grain comparison between time duration of expert
and intermediate surgeons, Fig. 4b presents the distributions of
the mean duration of the surgery between expert and intermediate
surgeons in site C, and Fig. 4c demonstrates the same analysis for
site A. These ﬁgures highlight the difﬁculty to discriminate be-
tween these two groups based on the mean duration of surgeries
only. The expert surgeons at site C performed surgeries at a shorter
duration of time than the intermediate surgeons, but this differ-
ence was not statistically signiﬁcant (p = 0.326). On the other hand,
in site A, the intermediate surgeons performed surgeries at a short-
er duration of time than the expert surgeons, once again this result
was not statistically signiﬁcant (p = 0.587). Again, the duration is
not always an accurate measure of skill, as complex cases are often
given to experienced surgeons. Duration of surgery can be affected
by intra-surgeon factor like stress level and skill, and extra-surgeon
level like the complexity of the case, the level of experience and
skill of supporting staff, and availability of resources during sur-
gery. Furthermore, as stated in [44]: ‘‘While fast behavior in experi-
enced individuals is afforded by skill, fast behavior in novices is likely
instigated by high stress levels, at the expense of accuracy. Humans
avoid adjusting speed to skill and rather grow their skill to a predeter-
mined speed level, likely deﬁned by neurophysiological latency’’
These results conﬁrm that using only duration of the surgery is
not sufﬁcient to analyse and identify surgical behaviors, and stress
on the importance of identifying activity sequencing and pattern
analysis.
4.2. Evaluation of behaviors across site and expertise
The approach used in this study allows the classiﬁcation of
SPMs based both on the sites where surgery was performed and
on the surgeon’s expertise. Such methods may be advantageous
for the two applications that have been considered and that have
been previously introduced: comparison of surgical tools/ap-
proaches/systems and objective evaluation of surgical skills.
Comparisons of tool used, surgical approaches or systems using
SPM methodology, allow for quantitative validation and assess-
ment of their impact on a surgical procedure. Current studies con-
ducted within the OR still need new tools for robust, efﬁcient and
objective assessment of SPs. At a ﬁrst level of our study, surgical
behaviors could be classiﬁed according to different site locations.
This could help the integration of new computer-assisted-surgical
systems.
Then, the objective surgical skills evaluation could also be con-
sidered. At a second level of our study the surgeon’s expertise
could be recognized, opening perspectives for the automatic
assessment of surgeons. As these tasks remain very time-consum-
ing and, to some extent, subjective, the idea of using this approach
for skills evaluation would be to automate data acquisition process
using different sensors, and then automatically process the SPMs,
for example by comparing the current SPM with a training data-
set of SPMs. New approaches have been proposed in the literature
for automatic recognition of low-level tasks (i.e. activities) from
videos that can be combined with this work for automating both
the acquisition and the analysis processes [5,10,45,46]. As stressedin [47] the use of human examiners in the evaluation process, as
for example for the OSATS (Objective Structured Assessment of
Technical Skills) can introduce an important bias in the evaluation.
Recording the activities of the surgeon and relying only on this
information for relative comparison between behaviors is one of
the keys of objective surgical skill evaluation.
4.3. Study limitations
The proposed study suffers from some limitations. First, it relies
strongly on the quality of the data acquisition step. Indeed, acquir-
ing the data is currently a tedious process as it involves that an
operator has to be present in the OR during the surgery. Relying
on human acquisition is currently the only way to dispose of a
high-level description of the surgery. This manual acquisition can
introduce errors in the data. However, experience showed that
the amount of error was limited. One way to cope with this prob-
lem would be to use sensors or videos to capture the activities of
the surgeon. However, automatic identiﬁcation of the activities is
currently limited due to the complexity of the information to
analyze.
Second, the proposed method assesses to what extend two sur-
geries are similar but tools explaining more precisely these differ-
ences are currently missing. New tools have to be developed in
order to identify and describe the differences to eventually under-
stand and explain them.
Finally, a ﬁner analysis could be conducted with the introduc-
tion of other criteria. Only two criteria were mainly considered
in this analysis, i.e. the surgical site and the surgeons’ expertise,
but a multitude of parameters from the patient or from the surgical
intervention could also be correlated. From the patient, the out-
come could be considered, as well as age or speciﬁc information
about the disease. From the intervention, the complexity of surgery
could also be considered, or adverse-events could be taken into ac-
count. In the end, a large set of parameters could be introduced in
the analysis, showing the various possibilities of this type of SPM-
based study.
5. Conclusion
We presented in this paper a SPM-based multi-site study. The
approach used for comparing surgeries enabled to focus on the
sequentiality of the activities performed during the surgeries by
disregarding time differences. Experiments conducted on 41 sur-
geries of ACD performed in three different clinical sites showed
that our approach was able to identify different surgical behaviors
according to the location where surgery was performed, and also
according to the level of expertise of the surgeon. This work is a
milestone in identifying and understanding surgical behaviors. It
opens new perspectives for SPM-based study, for the assessment
of surgical approaches, tools, systems but also for surgical skills
evaluation. Toward the creation of the new generation of CAS sys-
tems, the use of SPMmay therefore prove its efﬁciency for facilitat-
ing surgical decision-making process as well as improving pre-
operative human–computer interface and medical safety.
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